A probabilistic approach is used to create a preliminary inspection evaluation form (PIEF) for scour potential at bridge sites. In Taiwan, the risk of pier scour is often evaluated using a two-step procedure. First, a bridge is visually inspected based on a PIEF. An advanced scour risk analysis is conducted for a bridge with a high PIEF score. Because a PIEF can quickly evaluate scour potential, it can be used to build a maintenance sequence for a group of bridges. However, a PIEF is often created based on only engineers' experience; the accuracy and reliability of PIEFs have not been examined systematically. Thus, a probabilistic-based PIEF is constructed by establishing a close correlation between the PIEF score and scour potential via Taguchi method. The scour potential is evaluated by Bayesian network (BN) that incorporates experts' judgments and results of reliability analyses. For example, the conditional probabilities (CP) in the proposed BN are calculated based on an existing PIEF and results of a stability-based reliability analysis. Thus, the proposed PIEF implicitly considers the probabilistic characteristics in the scour potential, which will provide an efficient and accurate evaluation of scour potential and assist in establishing maintenance priorities of existing bridges in Taiwan.
Introduction
The scour potential at bridge sites in Taiwan has drawn much attention in recent years, especially after Typhoon Morakot in 2009. Because scour potential evaluation involves many uncertainties, a probabilistic approach is often adopted. Johnson and Ayyub (1992) used simulation method to evaluate bridge failure probability. Muzzammil et al. (2008) used reliability index to develop a reliability-based safety factor method for field application. There are approximately 20,000 bridges in Taiwan. A probabilistic evaluation for each bridge is not a practical solution. A preliminary inspection evaluation form (PIEF) can efficiently evaluate the scour potential of a bridge. Thus, a priority maintenance list can be built based on PIEF to effectively reduce the scour risk from future disasters. The PIEF is a visual inspection process that is generally used in Taiwan as the first step of a bridge scour risk evaluation. If the overall assessment score from the PIEF does not meet a predefined standard, the evaluation should proceed to an advanced investigation to ensure the safety of bridges.
Several scouring assessment measures using the approach of PIEF have been proposed. For example, Palmer and Turkiyyah (1997) proposed an assessment approach called Cataloging and Expert.
Evaluation of Scour Risk and River Stability at Bridge Sites (CAESAR). CAESAR is an expert system that uses the insights and judgments of scour experts and inspectors to generate suggestions about the possibility of scour and potential mitigation actions. In addition to CAESAR, U.S. Department of Transportation has issued three manuals: HEC-18 (U.S. Department of Transportation 2012); HEC-20 (U.S. Department of Transportation 2001a); and HEC-23 (U.S. Department of Transportation 2001b) to provide guidance for bridge scour and stream stability analyses. In Japan, to correctly and efficiently identify scouring-affected bridge piers, the Railway Technical Research Institute (RTRI) (2007) established a technique that uses two scoring tables to select bridge piers for repairs or remodeling.
In Taiwan, the first PIEF was proposed by Chen et al. (1996) . Recently, many researchers have proposed several different PIEFs. For example, China Engineering Consultants, Inc. utilized their practical experience to develop a new PIEF as shown in Table 1 , where h, D h , q, RA, H s /H p and b e are described in Figure 1 . This PIEF consists of 13 evaluated items, including 6 indoor assessment items with a total allocated score of 35 and 7 in-situ assessment items with a total allocated score of 65. Each evaluated item is allocated a weight (a in Table 1 ) to indicate its relative importance. The sum of all the weights is 100. In addition, each evaluated item is divided into three to five levels, and another weight (b in Table 1) is assigned to each level. If the evaluated item definitely has a positive influence on the inspected bridge, b is equal to 1. Otherwise, b is equal to 0. A value between 0 and 1 is assigned to an intermediate level of b. Thus, b and a determine the score for each evaluated item. The overall assessment score of an inspected bridge is the sum of 13 Protection for river bed 10 the scores from each evaluated item. An overall score below 25 indicates a low scouring potential, an overall score between 25 and 50 indicates a medium scouring potential and an overall score above 50 indicates a high scouring potential. The PIEF is an efficient and economic approach to determine the scour potential at bridge sites. However, the evaluated items, the number of levels and the weights (b and a) are mainly determined by the experts' judgments. In this case, the PIEF is often subjective and lacks concrete evidence. Because uncertainties in the evaluated items are inevitable, a probabilistic approach is adopted to establish a reliability-based PIEF. This study uses a Bayesian network (BN) to perform a scour reliability analysis. The proposed BN consists of two parts. The first part evaluates the scour potential and is established mainly on the basis of the PIEF developed by China Engineering Consultants, Inc. The second part calculates the scour reliability, which is first evaluated by stability analysis and then updated via a Bayesian approach with the historical records at the bridge sites. The 13 items identified in Table 1 are chosen to be the factors that impact the scour potential at bridge sites. In addition, the weights (b and a) in Table 1 are used to build the conditional probability table (CPT) of the proposed BN. This CPT is used to determine whether the inspected bridge has a low, medium or high scour potential. The proposed PIEF is built by establishing a close correlation between the PIEF and BN reliability by revising the weights (a) used in Table 1 . Thus, the probabilistic characteristics in the scour potential are implicitly considered in the proposed PIEF. The analysis flowchart of this study is illustrated in Figure 2 . Fig. 1 . Illustrations of symbols used in Table 1 (1) h To demonstrate the details of the proposed algorithm, a reliability-based PIEF is constructed for bridges on the Gaoping River Basin of Taiwan. The Gaoping River Basin has numerous bridges and many tributaries, including the Qishan River, the Laonong River, the Meinong River and the Chuokou River. This study examines 32 bridge sites that were seriously impacted by Typhoon Morakot (Fig. 3) . To capture the uncertainty characteristics at different locations on the Gaoping River Basin, 15 of the 32 sites that had sufficient recorded data are selected for reliability analysis; these sites are shown in Figure 3 . For example, the variations in hydraulic characteristics (e.g., water level and stream velocity) are used to calculate the reliability at these 15 sites. In addition, this study only focuses on bridges with pile foundations; thus, pile foundations are assumed to be present in the bridges at the selected 15 sites, though the bridges may have other foundation types. In other words, the bridges analyzed here are not necessarily the actual bridges on the Gaoping River Basin. Nevertheless, we believe that variability of bridges with pile foundations in this area is fully described by the random variables at these 15 sites.
Because the bridges analyzed here may not be the actual bridges present, the bridge sites are numbered to avoid confusion. For example, the bridge at the Yuemei Bridge site is called Bridge No. 13 (Table 2) . Similar abbreviations used for other bridges are shown in Table 2 .
Although a probabilistic method is used to evaluate the scour potential at the bridge sites, the results are converted into a PIEF, which is popularly used by practicing engineers. Thus, the research results can be implemented with existing evaluation procedures in Taiwan.
Uncertainties considered in this study
The random variables considered in this study include water level, stream velocity, local scour depth, live load, dead load and the geometric sizes of bridges (i.e., pile length, pile diameter, pier height and pier diameter). The statistical information for all the random variables except pile length is described in Tables 2-5. Note that the geometric sizes are considered as random variables only if there is no design drawing or other information for the evaluated sites. Measurements of pile diameter, pier height and pier diameter were collected from the design drawings or in-situ measurements. Because the collected samples are limited, they are simulated as a uniform distribution, in which the maximum and minimum values of the samples are regarded as the upper and lower bounds of the distribution. The design live load and the wind load are calculated based on the "The Bridge Design Specifications" (Ministry of Transportation and Communications 2009). Because the magnitudes of the live load and the wind load depend on the span and pier height, respectively, their variability is described by a uniform distribution. The detailed statistical properties for water level, stream velocity, local scour depth and pile length are described below. *Log-normal distribution; **mean value; ***coefficient of variation. Fig. 3 . Bridge sites for in-situ survey (denoted as a bridge figure) and reliability analysis (denoted as a number) on the Gaoping River Basin 
Water level and stream velocity
The design values of a 100-year flood specified in the "The Bridge Design Specifications" (Ministry of Transportation and Communications 2009) are used as the mean values of water level and stream velocity. Their distribution types and variations are explained as follows. Based on the previous studies as shown in Table 6 (Johnson 1992 (Johnson , 1995 (Johnson , 1996 (Johnson , 1999 Yanmaz 2003; Johnson, Dock 1998; Ghosn, Wang 2003; Cesare 1991; Mays, Tung 1992; Yeh, Tung 1993; Tung 1990) , the covs of water level and stream velocity fluctuate among studies. For example, the cov of water level varies from 0.2 to 1.09. The water level and stream velocity simulated by HEC-RAS are then plotted on 6 probability plots to identify their distribution as shown in Figure 4 (for the case of water level). It is found that the Log-normal is the most suitable distribution for both parameters. The chisquare goodness of fit test is used to determine whether simulated sample data (i.e., water level and stream velocity) are consistent with the hypothesized distribution (i.e., Log-normal distribution). Comparing the p-values (0.973 and 0.5658 for water level and stream velocity, respectively) to the usual significance level (5%), the null hypothesis cannot be rejected at the 5% significance level. Thus, the Log-normal distribution is appropriate to describe the water level and stream velocity.
In addition, from the simulation of HEC-RAS, the covs of water level at different bridge sites range from 0.13 to 0.14. The covs of stream velocity at different bridge sites range from 0.3 to 0.4. Because above observations rely on the collected data (i.e., Manning's roughness coefficient and discharge rate, details are explained Engineering and Management, 2015, 21(5): 637-653 in the next paragraph), different data may result in a slightly different outcome. To capture this uncertainty, the cov of water level/stream velocity is simulated as a uniform random variable with ranges described above in the stability-based reliability analysis (Tables 2 and 3) .
Journal of Civil
It is known that Manning's roughness coefficient and discharge rate are two of the major factors that affect the outcomes of HEC-RAS. For the Gaoping River Basin, Manning's roughness coefficient can be modeled as lnN (-3.395, 5.508) , lnN(-3.571, 0.575) and lnN(-3.802, 0.664) for the upstream, midstream and downstream, respectively (Wu et al. 2001) . Sheen (2012) indicated that discharge rate can be modeled as N(Q 100 , 0.18 2 ). The above data are adopted here to generate random number for the input of HEC-RAS. The HEC-RAS model built here is verified by the water level and stream velocity at the nearest cross section to the seashore reported in the government document (Ministry of Economic Affairs 2008). Due to the input factors, cross sections and hydraulic analysis model used here may be different from those used in official calculation, it is expected that hydraulic parameters (water level and stream velocity) calculated in this study will deviate from that of the government report. The difference percentage is controlled to be less than 5% to ensure the accuracy of the built model. A simulated water level and three cross sections (i.e., No. 1, 2 and 3 bridge sites) for Gaoping River are illustrated in Figure 5 .
Local scour depth
Local scour depth can be calculated using an empirical formula. Recent studies have proposed many formulae for calculating local scour depth. Li et al. (2011) proposed seven suitable formulae for use in Taiwan. Of these seven formulae, five are used to compute the local scour depth (i.e., Neill 1965; Shen et al. 1966 Shen et al. , 1969 Jain, Fischer 1980; Jain 1981) . Because above formulae are not up-to-date, two additional formulae are added to improve the prediction accuracy (Fischenich, Landers 1999 results of local scour depth at Bridge No. 10. The formula proposed by Neill (1965) results in the maximum local scour depth, while the HEC-18 (U.S. Department of Transportation 2012) without attack angle gives the minimum local scour depth. Note that water level and stream velocity are random variables. Figure 6 only displays the mean value for each formula. Based on 6 probability plots ( Fig. 7 ) and the chi-square goodness of fit test, it is confirmed that the Log-normal distribution is suitable to describe the local scour depth at a bridge site (e.g., the p-value is 0.4116). Mean value of the scour depth is the sample mean and the standard deviation is one-sixth of the difference between the maximum and minimum depths. Please note that this assumption indicates that the actual scour depth has probability of 99.73% located within the range calculated by these seven empirical formulae. The total scour depth of the pier is generally the sum of the depths of local scouring, contraction scouring, movable riverbed and long-term scouring. The contraction scour depth and the long-term scour depth were implicitly considered in the first part of the BN in this study (items 3 and 4, respectively). In addition, the movable riverbed is comparatively small and thus is not considered at present. Johnson (1996) . 
Pile length
According to Wang (2002) , the soil conditions and bridge foundations of the Gaoping River Basin can be approximately described as follows: -A. The standard penetration test value (SPT-N) in the first 20 m of soil is a constant value in each 5 m depth interval; -B. The SPT-N between 20 m and 40 m depth is a constant value in each 10 m depth interval; -C. The maximum pile length is 40 m. Based on the conditions described above, there are six soil layers, and the soil layers are numbered down from the surface. For example, the first soil layer extends from the ground surface to 5 m below ground level. The pile lengths are categorized into four types described below:
1. If the SPT-N value of the first soil layer is greater than 50, the pile length follows a uniform distribution with upper and lower bounds of 20 m and 2 m, respectively (type I). 2. If the sum of the SPT-N values of the first and second soil layers is greater than 50, the pile length follows a uniform distribution with upper and lower bounds of 20 m and 10 m, respectively (type II). 3. If the sum of the SPT-N values from the first four layers is greater than 50, the pile length follows a uniform distribution with upper and lower bounds of 40 m and 15 m, respectively (type III). 4. In other cases, the pile length follows a uniform distribution with upper and lower bounds of 40 m and 20 m, respectively (type IV).
As mentioned above, the pile length is determined by the SPT-N value of the bridge site. Because the Central Geological Survey of the Ministry of Economic Affairs (MOEA) in Taiwan does not have drilling data from all the bridge sites, the SPT-N value of the bridge site was estimated using the ordinary kriging method as described below.
An experimental variogram was first constructed by calculating the variance of each drilling point in the set with respect to each of the other points. Using this variogram with the performance index (R-square, R 2 ) and the sequential quadratic programming (SQP) technique, an adequate mathematical model with suitable threshold and effective range was then found. Third, the mathematical model selected in the second step was applied to compute the weights (l i ) used in the ordinary kriging model, as shown in Eqn (1):
0 where ( ) Z x is the kriging estimate at the non-sampled location x 0 , Z(x i ) is the value sampled at location x i , l I is the weighting factor for Z(x i ) and n is the number of points in the set. There were 25 existing borehole locations on the Gaoping River Basin as shown in Figure 8 .
The experimental variogram of N 2 (the second layer) is shown in Figure 9 , in which h is the distance (meter) between two points and is calculated based on the TWD67 coordinate system, r(h) represents semivariance and is computed by Eqn (2):
where N is the set of location pairs, z(i) is the i th variable under consideration as a function of the location of Table 7 . The effective ranges, thresholds and corresponding R 2 values of soil layers are shown in Table 8 . Except the first layer (N 1 ), the R 2 for each layer was greater than 0.8. 
The construction of the BN
A BN is used to calculate bridge scour reliability in this study. The reasons for adopting a BN are described below:
(1) Many factors affect bridge scour reliability. The BN breaks down these various factors and makes them as nodes in the network, allowing one to focus on the causal relationship between two nodes at each time. Thus, the problem's complexity is reduced.
(2) The BN allows users to update the scour reliability through Bayesian learning. The availability of current data for evaluating a bridge scour problem is often limited. In addition, data from future floods should contribute to the scour reliability calculations. Thus, an evaluation process with learning capability is needed.
(3) For a problem with incomplete data, the BN can utilize expert opinions to determine the conditional probability between nodes to facilitate the reliability analysis.
The first step in constructing the proposed BN is to establish the network topology that reflects causal relationships of various nodes. The second step is to establish the conditional probability between the nodes, and the third step is to update the parameters using the Bayesian theorem. Based on the existing PIEF, this study used the AgenaRisk software (Agena Ltd. 2007 ) to establish the proposed BN and its topology is shown in Figure 10 . AgenaRisk (Agena Ltd. 2007 ) is a graphical user interface (GUI) tool for modeling risk and for making predictions about uncertain events in a wide variety of problems. AgenaRisk (Agena Ltd. 2007 ) provides a spreadsheet-based analysis in which BN and statistical simulation such as Markov Chain Monte Carlo Simulation (MCMC) are integrated. In addition, AgenaRisk Engineering and Management, 2015, 21(5): 637-653 (Agena Ltd. 2007) supports both diagnostic and predictive reasoning about uncertainty.
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The network construction principles are described below.
The topology of the proposed BN
The network is composed of two parts as shown in Figure 10 . The first part is the top left area above the red dashed line, and the second part is the rest of the BN. The first part is illustrated as follows. The PIEF (Table 1) has 13 assessment items; they are divided into four potential factors by cause of scouring, including: (1) eroded river bed; (2) river bank erosion; (3) area ratio of bridge to cross section; and (4) foundation exposure depth. These four factors are served as the parent nodes of the scouring potential node. The second part of the network provides two additional conditional probabilities, which are the probabilities of bridge failure given that there is or is not scour potential. As mentioned above, the two conditional probabilities are obtained by reliability analysis; details are explained in Section 3.
According to the descriptions and Figure 10 , the eroded river bed node consists of four parent nodes, including upstream dam or reservoir facilities, material on the river bed, hydraulic drop effect and protection for the river bed. River bank erosion has three parent nodes, including bending or narrowing of the river, location of the main channel and protection for the river bank. The area ratio of bridge to cross section has two parent nodes, including the bending or narrowing of the river and the effective pier diameter. The foundation exposure depth has four parent nodes, including upstream dam or reservoir facilities, hydraulic drop effect, foundation type and flow angle. The node of bridge failure probability has only one parent node that is scouring potential. The historical scouring data is the only child node for bridge failure probability node.
The advantages of establishing the network topology on the basis of the existing PIEF are as follows: (1) given the numerous potential factors that affect scouring, building the network on the basis of the existing 13 items, which are screened by experts, can maintain a reasonable BN dimension to avoid computational burdens; (2) the conditional probability can refer to the allocated weights of the existing PIEF as described in Section 2.2.
Conditional probability in the network

Conditional probability in the first part of the BN
Conditional probability is needed for six nodes, including eroded river bed, river bank erosion, area ratio of bridge to cross section, foundation exposure depth, potential of scouring and bridge of failure probability. Because a similar rule is applied to each of the first five nodes, a detailed explanation is only provided for the node of the eroded river bed. The conditional probability for bridge of failure probability node is described in Section 2.2.2.
The node of the eroded river bed (assuming two levels) consists of four parent nodes, including protection for the river bed (four levels, Table 1 ), hydraulic drop effect (assuming two levels), upstream dam or reservoir facilities (three levels, Table 1 ) and material on the river bed (five levels, Table 1 ). The weights (a) of these four nodes in Table 1 are 10, 5, 7 and 2, respectively. The weight proportions of each parent node are calculated using Eqn (3): where w i is the weight proportion of node i (i indicates the parent node) and b i is the weight (a) of node i. Because the node of hydraulic drop effect is considered to impact the nodes of both the eroded river bed and the foundation exposure depth, b i of the hydraulic drop effect node at the eroded river bed is only half of its weight (a). For example, the hydraulic drop effect node's b i value is 5/2 = 2.5.
Based on the level number of each parent node, the node of the eroded river bed has 120 different conditions (4 × 2 × 3 × 5 = 120). For each condition, the probabilities of having or not having an eroded river bed must be Fig. 10 . Bayesian network used in this study determined; that is, 240 conditional probabilities need to be defined. In addition, the sum of the two probabilities at each condition must be equal to one. In this study, a normal distribution with lower and upper bounds of 0 and 1 is used to describe the probability behavior for each condition (e.g., 120 normal distributions are used at the current node being considered). The mean value (m j ) of each normal distribution is calculated using Eqn (4) ) where w i is the weight proportion of node i (i indicates the parent node), X i is the index value for the i th parent node, n is the number of parent nodes, j is the j th condition and X i is determined by the following rules:
1. X i value ranges between 0.0 and 1.0. 2. If the parent node has two levels, the X i value of the first level is 1.0, and the X i value of the second level is 0.0; if the parent node has three levels, the X i values for each level are 1.0, 0.5 and 0.0, respectively. Similar rules are applied to other situations. The conditional probability is calculated as described below:
1. The standard deviations of the normal distribution are arbitrarily selected. 2. With the normal distribution, if the child node (e.g., eroded river bed) has two levels, the probabilities of the first and second levels at each condition are the cumulative probabilities with ranges from 0 to 0.5 and from 0.5 to 1.0, respectively. Similar rules are applied if the child node has more than two levels. The conditional probability is affected by the selected standard deviation. Taking a BN with three nodes as an example (Fig. 11) , because each node has two levels, there are eight conditional probabilities (probabilities (a)-(h) in Fig. 11 ). The mean value of the normal distribution for probability (a) and (e) is calculated as follows (assuming the standard deviation is 0.0):
Based on the definition described above, the probabilities of (a) and (e) are 1.0 and 0.0, respectively. Both parent nodes have the same tendency to result in a level 1 in their child nodes. This is true for the existing PIEF (Table 1) . It should be noted that the effects of the parent nodes on the child nodes are not necessarily the same.
Another extreme case is for s = ∞. Although u 1 in Eqn (5) remains the same, the probabilities of (a) and (e) now are 0.5 and 0.5, respectively. In this case, no apparent relationship between parent and child nodes can be identified. This conclusion remains the same if X i is described as follows (s = 0).
If the parent node has two levels, the first level's value of X i is 0.5, and the second level's value of X i value is 0.5.
That is, in the case where the analyst cannot determine the impact of the parents' levels on the child node, one can either increase the standard deviation or reduce the difference between the X i values in the different levels. In addition, Eqn (4) shows that the mean value (m) is determined by w i and X i . The value of w i is calculated on the basis of the a values in Table 1 . For most cases, the value of X i is same as that of b in Table 1 . Thus, the conditional probabilities of the first part of the BN are established mainly on the basis of the existing PIEF.
The conditional probabilities of the second part of the BN
The existing PIEF does not contain the second part of the BN. The conditional probabilities of this part are calculated under two cases: with or without scouring potential. If there is no scouring potential, we assume the current scour depth to be 0.0 and compute the probability of failure. If there is scouring potential, we assume that the scour depth is random (Section 1) and calculate the probability of failure probability using a stability analysis.
Updating of the BN
To further reflect the local characteristics of each bridge site, the Bayesian theorem is used to update the probability of failure. When a bridge is damaged, a new bridge is often rebuilt near the original site due to limitations of the urban environment and traffic routes. Though the new bridge structure may differ from the previous bridge, the river conditions are similar. Therefore, the historical damage record of a bridge site can be used as a reference.
This study assumes that the failure probability is a constant number for a given bridge site. Therefore, failure occurrence should follow a binominal distribution. Because the failure probability is often not known, it is assumed to be a beta random variable between 0.0 and 1.0. Based on observations (e.g., the historic scouring data at the considered node), the posterior failure density function (f ''(q)) can be calculated using Eqn (6):
where f'(q) is the prior failure density function; in which q are distribution parameters such as the shape parameters in beta distribution. These shape parameters are calculated by assuming that the mean value is the failure probability from stability-based reliability analysis and the cov is 0.05. e is the number of times that failure was observed in a specified period (T). Table 9 displays the flood return period of the recorded scouring event for each bridge site. Based on this observation, e and T are taken as one and the flood return period in Table 9 , respectively. T = 300 indicates that there is no recorded scouring event at that site. In addition, this study uses the mean value of f ''(q) as the posterior failure probability. Table 9 . Flood return period (T) of the recorded scouring event at 15 bridge sites 
where: A s is the pile surface area, f s is the friction resistance force on the surface of the pile, A b is the area of the pile bottom, q b is the allowable vertical force at the pile bottom, P is the applied vertical load, n m × is the total number of piles, s is the resulting stress of the outermost pile due to the bending moment, and A is the pile area. The limit state function of the soil pulling force is:
where w p is the pile weight. According to Chang and Chou (1989) , the limit state function of the pile shear stress (Eqn (9)), the pile axial stress (Eqn (10)) and the horizontal displacement on the top of pile (Eqn (11)) are described as follows:
where: t y is the allowable shear stress of the pile, V t is the applied shear force on the top of the pile (tf), l = 4 / kD EI (m -1 ), k is the horizontal subgrade reaction coefficient (tf/m 3 ), D is the pile diameter (m), E is the elastic modulus (tf/m 2 ), I is the pile cross sectional moment of inertia (m 4 ), s y is the allowable axial stress, y is the distance of the outermost point to the neutral axis, h 0 = M t /V t (m), M t is the applied bending moment on the top of the pile (tf-m) and H is the force acted on pile due to water pressure (tf). The stability-based reliability analysis is conducted using Monte Carlo simulation (MCS) with a sample size of 10 4 . A series system is assumed in this study; that is, a component failure will result in a system failure. Figure 12 illustrates the results for the site of Bridge No. 13. The long red bars represent demand, and the long blue bars or lines denote capacity. Because the material uncertainty is not considered, the capacities of the shear stress and the axial stress are constant. In addition, the displacement capacity is a constant provided by the specifications (1.5 cm as indicated in Eqn (11)). As shown in Figure 12 , the displacement requirement dominates the system reliability. Table 10 illustrates the failure probabilities at 15 bridge sites. Note that number of simulation cycles will influence the level of reliability in MCS. Therefore, simulations should be carried out several times for large cycles such that the corresponding value of C r (i.e., cov) is relatively small (Melchers 2002) . C r can be calculated by the Eqn (12) displayed below (Naess et al. 2009; Ang, Tang 1984) :
where P f is the estimated system failure probability and N is the sample size. Because only the failure probability with scouring potential has an influence on the BN analysis, the corresponding C r is provided for each bridge site as shown in Table 10 . It is found that none of C r is larger than 10%. Thus, the sample size of 10 4 is adequate (Johnson 1999) . In addition to the consideration of sample size, to verify the probability calculated by MCS, the reliability of bridge No. 8 is evaluated by both MCS and first order reliability method (FORM). Table 11 displays failure probabilities obtained from FORM and MCS. Please note that for a system reliability problem, FORM is often associated with a bounding technique to deliver a failure probability. Although several bounding techniques have been proposed (Zhao et al. 2007) , investigation among them is beyond the scope of the current study. This study uses the first-order bounding approach (Cornell 1967) to solve the system reliability as described in Eqn (13):
where: P fi is the failure probability of the i th failure modes, P f is the system failure probability. Although the failure probability of MCS is located within the bounds derived by FORM, it should be cautious about the nonlinearity of the limit state functions. When the limit state function is highly nonlinear, FORM may not be able to deliver a promise failure probability. The failure probability calculated in this section is used as the conditional probability of the failure probability node in the second part of the BN.
Results of the PIEF and BN evaluation
The 15 bridge sites over the Gaoping River are first assessed using the existing PIEF (Table 1 ). The established BN is then used for the reliability analysis, and the correlation between the two is analyzed. The evaluation results using the PIEF and BN are displayed in Table 12 . The highest PIEF rating was attained by Bridge No. 13 (33.86) . According to the PIEF standard, this bridge had a medium level of scouring potential (50-25). Bridge No. 1 had the lowest rating (12.01), which is a low scouring potential (<25). Table 13 shows the average estimated PIEF scores based on location. Bridges on the upstream area of the basin had higher scores than those on the downstream area. This was because bridges on the upstream area were more likely to: (1) have a dam; (2) be located at river bends or contractions; (3) have greater eroded river bed; (4) have more significant hydraulic drop effect. P f ****~0 * Per hundred years; ** with scouring potential; *** (%); **** no scouring potential. Journal of Civil Engineering and Management, 2015, 21(5): 637-653 Although Bridge No. 14 was located on the upstream area (Fig. 3) , it was not seriously damaged during Typhoon Morakot (2009). The field investigation found that although the bridge was not far from Bridge No. 15, the outcomes of the two bridges during Typhoon Morakot were different. The possible reasons for the different outcomes were that the bridge piers did not significantly block the water and that the bridge was neither adjacent to a dam nor located along a bend on the river. The PIEF score of Bridge No. 14 was 20.02, indicating that it had low scouring potential and that the PIEF can reflect the bridge scour potential correctly.
Bridge No. 9 was located on the upstream area of the Laonong River (Fig. 3) and was a newly built, large span steel truss bridge with only one pier on the main river channel (Fig. 13) . Based on these characteristics, the scour potential of this bridge should not be high; however, its PIEF score was 30.28 (assuming that it had a pile foundation), indicating that it had medium scouring potential. The major contribution of the score came from the item of effective pier diameter. This result is inconsistent with the idea of a long span bridge. Bridges with a single pier with large diameter result in a high PIEF score, which is clearly not reasonable. This indicates that the PIEF can still be improved. Figure 14 illustrates the relationship between the network prior scouring potential and the PIEF results. These two results were positively correlated with a correlation coefficient of 0.938. This indicates that, before updating, the BN successfully reflected the PIEF contents. Figure 14 shows the relationship between the network posterior failure probability and the PIEF results. The correlation coefficient was 0.513. Because the PIEF only focused on the assessment of scouring potential, a lower coefficient of correlation was expected. Table 13 also revealed that a bridge with a medium scouring potential from the PIEF (Bridge No. 6) was equivalent to a bridge with a probability of failure of 0.392 in a 100-year flood.
Revision of the existing PIEF
Although a high correlation between the PIEF score and BN prior scouring potential was observed, it is more important to build a close relationship between the PIEF score and the BN posterior failure probability. To increase this correlation, the weights (a) of the PIEF were adjusted based on the Taguchi method (Weng et al. 2008) . It should be noted that the first part of the BN was based on the PIEF. Once the weights (a) of the PIEF were adjusted, the BN must be reconstructed accordingly.
If trial-and-error approach is used for identifying the optimal weights in the PIEF, according to the results of the current experiment, one may adjust the weight value (a) in the next experiment to achieve a higher correlation. The drawback of this strategy is that the obtained weight may not be the optimum and the computational cost is too expensive. A full factorial experiment may deliver the optimal weights. However, its cost is often higher than that of the trial-and-error approach.
To solve the above difficulties, Taguchi approach adopts the concept of orthogonal array (OA) to conduct the experiments, which provides an efficient and systematic way to determine weights so that the highest correlation can be found with only a few experimental runs. "Orthogonal" means a balanced and fair selection of weights in all possible combinations. A more detailed definition of OA is given as follows. Let S be a set of s levels. A matrix A of N rows and k columns with entries from S is said to be an OA with s levels and strength t ( 0 ≤ t ≤ k ) if in every N × t sub-array of A, each t-tuple based on S appears exactly the same times as a row (Weng et al. 2008 ). To characterize the nonlinear effect of each weight (a) on the correlation performance, three levels were used to construct the OA, resulting in a L27 Taguchi array. The fitness function was the inverse of the correlation coefficient between the PIEF score and BN posterior failure probability; that is, the smaller the fitness value, the better the match. The fitness value was converted to the signal-to-noise (S/N) ratio (η) in the Taguchi method using the formula described below:
Hence, a small fitness value results in a large S/N ratio. The OA, level values, fitness values and S/N ratios were described in Table 14. A Taguchi response table  (Table 15 ) was developed by averaging the S/N ratios for each weight and each level using Eqn (15):
, ( , ) ( , ) ,
where: m is the current considered level number (i.e., m = 1, 2 or 3), a is the weight, s is the total level number (s = 3), N is the number of row in OA (N = 27). The largest S/N ratio in each column indicates that the highest correlation is achieved when the weight is fixed at this level. Thus, such level was the optimal level for that weight (Table 15 ). Each weight was normalized to en- * ∆ = highest S/N -lowest S/N; ** the normalized weights.
Journal of Civil Engineering and Management, 2015, 21(5): 637-653 sure that the sum of the total optimal weights was equal to 100. A confirmation experiment was then performed using each optimal weight. Note that the Taguchi response table also indicated that the items of upstream river dam and the protection for river bed have the largest and smallest effects on the correlation performance, respectively. Table 15 indicated that weighs (a) of bending of the river, location of the main channel and foundation exposure depth were increased. Remember that experts suggest a special rule for the original PIEF and if it is satisfied, the bridge is considered to have high scouring potential regardless of the overall score. Table 1 illustrated that this special rule is applied to items of eroded river bed, location of the main channel and foundation exposure depth. It is seen that two of these three important items have been suggested to increase their weights in Table 13 (the eroded river bed remains the same). The proposed PIEF emphasizes this experts' opinion by allocating more weight on two corresponding items. Other points about the updated contents in the proposed PIEF are briefly discussed below:
1. The hydraulic drop effect and the protection for river bank were mainly determined by in-situ observations. However, it was not an easy task to determine the values for each item resulting a similar PIEF score between bridges. Thus, these two items did not have a significant impact on the PIEF score. Their weights (a) were then reduced. 2. The roles of area ratio of bridge to cross section and effective pier diameter were similar. The influence of area ratio of bridge to cross section may be overweight, as discussed for Bridge No. 9 in section 4. Hence, weights (a) of the effective pier diameter and area ratio of bridge to cross section were both reduced. Figure 15 illustrates the relationship between the posterior failure probability of the BN and the PIEF score. The correlation coefficient between the posterior failure probability and the PIEF score was increased to 0.696, indicating the revised PIEF delivered a more promising result.
Conclusions
Bridge scour potential is an interdisciplinary problem that involves a wide range of knowledge. To improve the current preliminary assessment procedures used in Taiwan, a BN was constructed on the basis of an existing PIEF to systematically and probabilistically evaluate the scour potential at bridge sites. Historical events were incorporated into the proposed assessment process via Bayesian theory to increase the accuracy of the analysis results. Thus, the established BN has learning capabilities and can update the assessment results according to newly collected data. For practical purposes, the BN analysis results were converted into a PIEF to help engineers implement the relevant operations. In addition, the Taguchi method was used to find the optimal allocated weights for each evaluated item in the proposed PIEF.
This study only considered the uncertainties in the Gaoping River Basin and bridges with pile foundations. Caution should be taken in applying the proposed PIEF to other river basins or foundation types. PIEF score Posterior probability after updating
